Abstract.-Discovery of and access to primary biodiversity data are critical components in informed decision-making regarding sustainable use of biological resources and conservation of biodiversity. Primary biodiversity data are increasingly available from Benin, but information about completeness of this information across the country is still lacking for most groups. This study analyzed the Digital Accessible Knowledge regarding the plants of Benin to identify gaps in both geographic and environmental dimensions. Many gaps exist in plant data for Benin, particularly in the northern most departments; central and southern Benin are better known, but some gaps remain even there. The resulting view of Beninese Digital Accessible Knowledge can guide future inventory and data discovery efforts.
Primary biodiversity data are data that combine three essential attributes: geographic location, collection date, and taxonomic identification (Johnson, 2007; Soberón and Peterson, 2009; Sousa-Baena et al. 2013) . Digital accessible knowledge (DAK) is the part of the existing primary biodiversity data that is (1) in digital format, (2) published and accessible worldwide for free, and (3) integrated into the broader global storehouse of biodiversity information (in essence, a transformation of data into "knowledge"; Sousa-Baena et al. 2013) . DAK is essential in enabling decision-making on natural resource management, especially biodiversity conservation (Peterson et al. 2000; Peterson et al. 2001; Peterson et al. 2004; Kremen et al. 2008; Morris et al. 2013; Gaiji et al. 2013) . The Global Biodiversity Information Facility (GBIF 1 ) is by far the largest initiative assembling and sharing DAK on biodiversity, with the aim of sustaining scientific research, conservation, and sustainable development (Gaiji et al. 2013 , Peterson et al. 2015 . GBIF was created in 2001, and-as of May 2016-provides access to >640M records from more than 1.6M species.
Although plant collections have accumulated from Benin since the 1780s (Akoegninou et al., 2006) , digitization and publication of primary occurrence data within the country began only recently (2010) , in the framework of the activities of the Global Biodiversity Information Facility (GBIF) through GBIF-Benin 2 . Some DAK for 1 http://www.gbif.org. 2 http://gbif-benin.org. 2 http://gbif-benin.org.
Benin was available previously through other sources 3 : indeed, institutions in 22 countries including Benin presently contribute data about Beninese biodiversity, with 170 occurrence datasets and >190,000 records. DAK on the biodiversity of Benin is of great importance to guiding and shaping priorities of decision-makers and engaging them in sustainable management of the limited and increasingly stressed natural resources of the country.
Biodiversity Assessments versus DAK
Availability in Benin Many studies have addressed biodiversity, in terms of its collections, patterns, and conservation, at various levels across Benin. Adomou (2005) studied distributional patterns of vegetation types of Benin, and divided the country into 10 phytogeographic districts, and described the major vegetation types and conservation priorities. Various individual vegetation types have been studied in terms of plant communities and species composition Sokpon et al. 2001; Ganglo 2004; Ganglo 2005; Ganglo and De Foucault 2006; Tohngodo et al. 2006; Awokou et al. 2009; Noumon and Ganglo 2005; Noumon et al. 2009; Aoudji et al. 2011; Yêvidé et al.2011) , resulting in classifications of forest sites, and useful recommendations for sustainable management. The diversity of neglected and underutilized species was assessed by Dansi et al. (2012) , who found 41 species of high importance in terms of nutrient content, medicinal value, contribution to household income, poverty reduction, extent of consumption, degree of consumption, extent of production, availability during the year, contribution to empowerment of women, market value, and market use. Several stands and populations of forest species, medicinal plants, and multipurpose species have been studied in Benin in terms of structural characteristics, ecology, and usefulness (Sokpon and Biaou 2002; Sokpon et al. 2006; Gouwakinou et al. 2009; Yêhouénou Tessi et al. 2012; Koura et al. 2011; Koura et al. 2013a; Koura et al. 2013b ).The spatial genetic structure of baobab (Adansonia digitata) populations from West African agroforestry systems was evaluated by Kyndt et al. (2009) : 11 populations from Benin, Ghana, Burkina Faso, and Senegal had comparable levels of genetic diversity, and the organization of genetic diversity appeared to result essentially from spatially restricted gene flow, with some influences of human seed exchange.
Although of importance in advancing knowledge of vegetation types and structure, and their determinants and conservation priorities, these studies did not address representativeness of sampling of plant diversity across the country, which could help identify knowledge gaps, data resource limitations, and possible biases (SousaBaena et al. 2013) . The single exception is the palms (Arecaceae), which were analyzed in detail in terms of completeness across Benin by Idohou et al. (2015) . Moreover, apart from scientific collections (Ariño, 2010) , which covered the whole country during the elaboration of the flora of Benin (Akoegninou et al. 2006) , most of the studies stated above only addressed limited sectors of the country. Worse yet, few, if any, of the occurrence data from those surveys are openly available to the scientific community.
A survey of biodiversity data holders and users within Benin (GBIF Benin, 2011) showed that the most important collection in terms of number of specimens is the national herbarium (50,000 specimens), but <30% of its specimens have been digitized and published by Beninese institutions via GBIF-Benin and GBIF. Therefore, the representativeness of the DAK with regard to the geography and species diversity of the country remains unclear. This study aims to develop a detailed assessment of DAK for Benin's plants to assess its fitness for use in detailed analyses.
METHODS

Data cleaning
Data used in this paper were downloaded from the GBIF site in January 2015 using the filter "Plantae" in the scientific name field on the Benin page 4 . To 'clean' the data, to make optimal use of information available, we used an iterative series of cleaning steps, as follows. (1) We created lists of unique taxon names in each dataset in Microsoft Excel, and inspected them for multiple versions of the same taxonomic concepts: misspellings, name variants, different versions of authority information, synonyms, etc. Such name variants were flagged, and checked with independent sources; a field was created to hold standardized preferred scientific names that correctly corresponded to single taxa. We used the list-matching service of the Catalogue of Life 5 and PROTA 6 , both of which were accessed in 2015. (2) We checked for and removed incomplete or suspicious geographic coordinates (e.g., one or both of the coordinates either missing or falling outside of Benin in spite of being referred to that country. (3) Within the country, we checked for consistency between textual descriptions of departments (administrative divisions) and the position of geographic coordinates. In each case, where problems were detected, we created a corrected version of the data records; where no clear correction was possible, we discarded records, recording data losses at each step in the process. Finally, (4) we discarded data records for which full information on year, month, and day of collection was lacking; we created a unique 'stamp' of time as year_month_day.
Inventory completeness
Next, we aggregated point-based occurrence data to 0.5° spatial resolution across the country. This spatial resolution was the product of detailed analyses of balancing the benefits of aggregating data (i.e., larger sample sizes) versus the loss of spatial resolution that accompanies broader aggregation areas and can make imperceptible important geographic features (i.e., 0.5° resolution is a square ~55 km on a side). Those steps focused on choice of an optimal spatial resolution for analysis are detailed in another paper (Ariño et al., in preparation) .
We produced the aggregation grid shapefiles in the Vector Grid module of QGIS, version 2.6, added the coarse-resolution grid identification codes to each occurrence datum, and aggregated each datum into the coarse-resolution grid squares. In Excel, we explored relations between data on species identity, time (i.e, taking days as a unit of sampling effort), and aggregation grid square. We calculated (1) total number of records available from each grid square (termed N), (2) total number of distinct species recorded from each grid square (S obs ), (3) number of species detected on exactly one day (a), and (4) number of species detected on exactly two days (b). Via equations provided by Chao (1987) , we calculated the expected number of species (S exp ), as
and inventory completeness (C) as C = S obs / S exp . We explored plots of C versus N to establish appropriate and adequate definitions of relatively completely versus incompletely inventoried grid squares. Once we had established criteria under which grid squares would be considered as wellsampled, in QGIS, we linked the table with the grid square statistics (i.e., N, S obs , S exp , C) to the aggregation grid, and saved this file as a shapefile. We created a shapefile of well-sampled grid squares, which we in turn converted to raster (geotiff) format using custom scripts in R. This raster coverage was the basis for our identification of gaps in coverage of geographic and environmental spaces, as follows.
We used the Proximity (Raster Distance) function in QGIS to summarize geographic distance across the country to any well-sampled area, at 0.05° spatial resolution. To create a parallel view of environmental (climatic) difference from well-sampled areas, we used a detailed protocol, as follows. We plotted 5000 random points across the country, and linked each point to the geographic distance raster and to raster coverages (2.5' spatial resolution) summarizing annual mean temperature and annual precipitation drawn from the WorldClim climate data archive (Hijmans et al., 2005) via the Point Sampling Tool in QGIS.
We exported the attributes table associated with the random points, and imported it into Excel. We standardized values of each environmental variable to the overall range of the variable among the random points as (x i -x min ) / (x max -x min ), where x i is the particular observed value in question. We then created a matrix of Euclidean distances in the two-dimensional climate space, relating all of the points with a geographic distance >0 to all of the points with geographic distance of zero; the latter represent points falling in well-sampled regions, whereas the former are scattered across the entire country. Points in well-sampled regions were assigned (by definition) environmental distances of zero.
Finally, environmental distances were imported into QGIS, and linked back to the random point's shapefile. This shapefile provided a broad sampling across the country, with a zvalue that is the environmental distance associated with that point. To convert this vectorformat dataset to raster format, with values across the entire region, we used inverse distance weighting, with a distance coefficient of 2.0. We explored these results further via relating them to Benin's municipalities to provide local contexts for future inventories.
We further explored impacts of roads, waterways, and protected areas on data completeness of the country. This exploration was achieved by intersecting completeness (C) at 0.5° spatial resolution with data layers summarizing distributions of roads, waterways, and protected areas across Benin. These data layers were downloaded from open sources for roads, waterways 7 , and protected areas 8 . The attributes tables of intersection layers were used to calculate respectively the length of roads and waterways as well as the surface of protected areas associated to each grid cell. We could then calculate the coefficients of correlation between C values and each of the parameters calculated. Finally, we explored, in a preliminary manner, the impacts of absence of roads, waterways, and protected areas on data completeness.
RESULTS
Initial numbers of plant records downloaded from GBIF comprised 148,944 primary occurrence records. After cleaning and removing duplicates and records of exotic species, we were left with 84,350 records (56.6% of the original data set) corresponding to 3188 species ( Figure  1) . Of the original total of records, 87.6% were identified to the species level, and 80.4% had adequate geographic coordinates. After checking coordinates and displaying the records against the administrative limits of Benin (Figure 2) , only 74.3% of records were located within Benin's Figure 3 ). The occurrence data corresponded to species in 188 families, principally Fabaceae (25.1% of records), Combretaceae (9.8%), Rubiaceae (6.6%), Sapotaceae (6.3%), and Poaceae (5.1%). We inspected the relationship between C and numbers of records (N) at 0.5° spatial resolution (Figure 4) . The correlation was weak and not significant (R = 0.203, P = 0.157). To account for artifactual C values, (grid cells with high C values (i.e., >0.7) for few record numbers), and taking into account the relationship between C values and N (Figure 4) , we considered grid cells as well-sampled when N ≥ 200 records and C ≥ 0.5.
The analysis of inventory completeness across Benin using the well-sampled criteria set above (N ≥ 200 records and C ≥ 0.5) showed that only two grid cells in northern west Benin are not well known (Figure 5a ). To be more consistent with the status and reality of data completeness of the country, we considered grid cells as bestknown when N ≥ 200 records and C ≥ 0.8. Using the latter criteria we achieved the distribution patterns of inventory completeness at 0.5° spatial resolution with the corresponding distribution of geographic and environmental distances ( Figure  5 ).
The analysis of inventory completeness at the level of departments shows that most departments of northern Benin (Alibori, Borgou, Atakora) had the largest percentages of grid cells with no data or not well-sampled (5-11%), whereas the best-known departments (C ≥ 0.8) were in southern and central Benin (Table 1, Figure 5 ). Analysis of inventory completeness at the level of municipalities (a lower-level administrative subdivision nested within departments) showed that the municipalities of Banikoara, Gogounou, Karimama, Kandi, Mallanville, and Segbana (department of Alibori), and Kalalé and Bembérékè (department of Borgou) had the most grid cells with no data or not well-sampled (Table 2, Figure 5 ). Those municipalities thus represent priorities for future inventory efforts to fill the picture of inventory completeness across Benin. The best-known municipalities (C ≥ 0.8) were Djougou (department of Donga, northern Benin), Tori-Bossito (Atlantique, southern Benin), Glazoué (Collines, central Benin), and Covè (Zou, central Benin; Table 2, Figure 5 ).
The intersection of inventory completeness with roads, waterways, and protected areas suggested positive impacts of all three on plant data completeness of Benin (Table 3, Figure 6 ). Among grid cells holding roads, only 28.5% had no data or were not well-sampled, compared with 50% across all grid cells; presence of roads in grid cells also increased the percentage of wellknown grids cells (34.8%) against only 22.4% across the country (Table 3, Figure 6a) . However, the correlation between road length within grid cells and C values was weak and not significant (R = -0.027; P = 0.501).
The intersection of the waterways data layer with grid cells revealed that 35.8% of the latter had no data or are not well-sampled against 50% for the whole grid cells across the country; the presence of waterways in grid cells also increased the percentage of best-known grids cells (36.8%) against only 22.4% across the country (Table 3, Figure 6b ). Absence of waterways also coincided with grid cells lacking data, although the correlation between the length of waterways and C values is weak and not significant (R = -0.033; P = 0.342). However, grid cells containing waterways are also those containing roads, so the relative impacts of the two factors remain unclear.
The intersection of protected areas layer with the grid cells revealed that 35.0% of the latter had no data or were not well-sampled, compared with 50% for the whole grid cells across the country. Presence of protected areas in grid cells also increased the percentage of well-known grids cells (39.4%) against only 22.4% across the country (Table 3, Figure 6c ). However, the correlation between protected area and C was significant (R = -0.253; P = 0.035), but was negative in sign. Again, grid cells containing protected areas also held roads and waterways, so the relative impacts of the three factors are difficult to evaluate.
DISCUSSION
Completeness at different spatial levels
We considered a grid cell as well-sampled if it was represented by ≥200 records and if completeness was ≥0.5. Although this threshold is low compared to the 1000 records per grid cell, at the same spatial resolution, used by SousaBaena et al. (2013) for analyses of plant communities in Brazil, our threshold is higher than that of Funk et al. (2005) , who used 40 records per 50 x 50 km grid cell in their analyses across Guyana. The additional criterion of C ≥ Figure 6 . Geographic patterns of inventory completeness across Benin at 0.5° spatial resolution overlaid on spatial patterns of (a) roads, (b) waterways, and (c) protected areas. 0.5 for a grid cell to be considered as well inventoried coincides with the threshold used by Sousa-Baena et al. (2013) in their study of inventory completeness of plants of Brazil. The analysis of inventory completeness for different departments and municipalities revealed that most departments of northern Benin, andmore precisely-the municipalities of Banikoara, Gogounou, Karimama, Kandi, Mallanville, and Segbana in the department of Alibori, and the municipalities of Kalalé and Bembérékè in the department of Borgou, were poorly known. These gaps stand in contrast to southern and central Benin, where municipalities were betterknown (N ≥ 200, C ≥ 0.8). The municipalities of northern Benin listed above are therefore of highest priority for future inventory work in the country. Lack of infrastructure and institutions in the past in that region could explain our results in northern Benin, as well as insufficiency of publishing of occurrence data from the studies of vegetation in that part of the country. Indeed, in the region, the University of Parakou was created only in 2001, and its Faculty of Agronomy has initiated biodiversity studies only since that time.
Exploring inventory completeness at 0.5° spatial resolution, we observed a positive impact of roads on data completeness. These results coincide with those of Kadmon et al. (2004) , who affirmed that bias in distributional data is common in the form of high concentrations of collection sites along roads. Souza-Baena et al. (2013) also found road bias effects on plant data completeness across Brazil, and Hijmans et al. (2000) reported that most gene bank accessions for wild potatoes in Bolivia were collected within 2 km of roads, 3-fold greater than random expectations. Ballesteros-Mejia et al. (2013) reported positive effects of infrastructure (traffic access, road density, tourism) on inventory completeness for tropical insects of Sub-Saharan Africa.
Analyses of distribution of DAK with respect to waterways also showed a positive impact of the latter on data completeness. Our further exploration revealed that the grid cells concerned here are served both by waterways and roads so that the positive impact of waterways on data completeness could be induced by the presence of roads instead.
Considering geographic patterns of inventory completeness in relation to protected areas, we found a significant impact of the latter on data completeness. The correlation of area protected and C was significant and negative, suggesting that data completeness was more effective in protected areas with smaller surfaces. We inferred that efforts of data inventories were more and more diluted when the surface of protected areas increases. Our results support those of Ballesteros-Mejia et al. (2013) , who reported positive effects of protected areas status on inventory completeness of sphinx moths (Sphingidae) of Sub-Saharan Africa.
DAK Fitness for Use
After cleaning, our data set corresponded to 3188 species. The total species richness of plant species of Benin has been estimated at 3200 species (Adjanohoun et al., 1989) , but the most complete and recent flora of Benin included only 2807 species (Akoegninou et al., 2006) . Our result can therefore complement the list of the flora of Benin of Akoegninou et al. (2006) , via identification of several hundred species that have been recorded within the country.
Data fitness for use revolves around data precision, accuracy, and authenticity for specific uses (Faith et al. 2013 ). As such, an important initial observation is that >40% of initial records downloaded from GBIF proved unavailable or incomplete, and thus were not included in our analyses. This amount is considerable in terms of loss of data-we emphasize that the data records lost were already DAK, and yet were not available for analysis owing to gaps or inconsistencies in content in the form of incomplete taxonomic determination, inadequate geographic coordinates, and missing time information. This result confirmed data concerns raised in feedback received by GBIF from its community of data users: the recent (2010) survey by GBIF's Content Needs Assessment Task Group (CNATG) revealed major concerns in terms of geographic and taxonomic gaps in data coverage, as well as the need for data quality assurance (Faith et al. 2013) .
For Benin, 12.4% of records lacked usable species names, higher than the 9.5% found across the broader GBIF network (Gaiji et al., 2013) , although we perhaps used a stricter set of criteria for our filtering. Records lacking coordinates in Benin (19.6%) were comparable to the 18.5% found by CNATG as of December 2010, but higher than the 14.1% reported in February 2012 (Gaiji et al. 2013) . The percentage of records falling outside of Benin's borders (7.5% of georeferenced records) was high compared to the 3.6% reported by Gaiji et al. (2013) . Numbers of records lacking full temporal information for Benin (37.9%) was high compared to the 23.1% found by Sousa-Baena et al. (2013) for plant data in Brazil, and the 30.8% found by Gaiji et al. (2013) for GBIF-mediated data globally.
To improve DAK quality for the biodiversity of Benin, rigorous data capture protocols and detailed error detection and data cleaning workflows need to be implemented. These steps may depend in large part on sound capacitybuilding, such that data managers and publishers of data relevant to Benin can work more effectively. For instance, error rates in taxonomic names can be reduced massively by using authority data held in authority lists like the Catalogue of Life and PROTA as controlled vocabularies. Geographic coordinates can be resolved using tools like GEOLocate and BioGeomancer to add coordinates to welldescribed localities where data have been collected (Gaiji et al., 2013) .
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